Featured Application: The proposed image analysis algorithm can be potentially used to investigate the roles of gland-like subsurface hyposcattering structures in the progression of Barrett's esophagus and treatment response in vivo using optical coherence tomography.
Introduction
Barrett's esophagus (BE), a complication of chronic gastroesophageal reflux disease, and in which the normal squamous epithelium of the esophagus is replaced by metaplastic columnar epithelium, is associated with an increased risk of esophageal carcinoma [1] [2] [3] . Radiofrequency ablation (RFA) is a widely used method to treat BE [1, 3, 4] . Multicenter clinical studies have demonstrated that RFA safely and effectively eradicates intestinal metaplasia and dysplasia [5] . However, repeated RFA over multiple treatment sessions is usually required to achieve complete remission of intestinal metaplasia (CRIM) and there is recurrence of BE even after achieving CRIM [3] . A recent multi-center study found that 33% of CRIM patients had BE recurrence within the next 2 years [6] . Standard white light endoscopy visualizes only the esophageal surface, and is unable to discern deeper gland-like structures. Optical coherence tomography (OCT) can image 1-2 mm under the tissue surface over a broad area with micrometer-scale resolution [7] [8] [9] and is a promising technology for assessment of BE and dysplasia. Using a prototype OCT system, we previously [10] reported the presence of sparsely distributed subsurface hyposcattering structures (SHS) (described as "buried glands" in this reference) before and after RFA located near the gastroesophageal junction (GEJ), and suggested their presence as a negative predictive marker for achieving neosquamous epithelialization after RFA. A commercially available OCT system, known as volumetric laser endomicroscopy (VLE), can image a large field of view (6 cm × 6 cm) with a balloon catheter. Using VLE, Swager et al. [11] localized SHSs in patients previously treated with RFA for BE with high grade dysplasia or early adenocarcinoma and found that 92.4% of the SHSs were associated with normal anatomic structures, such as dilated glands and blood vessels. A later study [12] correlated VLE images from endoscopic resection specimens with histology findings and found that the presence of irregular, dilated glands/ducts is an independent predictor for BE neoplasia. The exact roles of SHSs in BE remain to be elucidated. The SHS analysis in these studies was performed manually, which is time-intensive, and is associated with inter-observer variability, as shown in recent clinical studies for detection of BE with dysplasia [13, 14] . There is an unmet need for automated computer algorithms which can be applied to larger scale clinical data for faster analysis without inter-observer variability.
Qi et al. [15, 16] pioneered computer-aided detection of dysplasia in BE using a standard machine learning framework and a prototype research OCT system. Ughi et al. [17] developed an algorithm based on individual axial scan analysis to characterize the esophageal wall as normal vs. BE using an OCT capsule. It is unclear whether these methods can be applied to more widely available VLE data, which are acquired with a balloon imaging device with different imaging parameters. Swager et al. [18] used clinically inspired features to train a classifier which was able to classify pre-selected ex vivo VLE images into non-dysplastic BE and neoplastic groups with a high sensitivity and specificity. However, the performance for in vivo VLE volumetric data is yet to be tested. None of the above methods were able to automatically quantify SHSs.
In this study, we therefore aimed to automate SHS analysis for clinical VLE data and quantify the characteristics of SHSs in patients with BE. We first developed a fully automated algorithm to detect and quantify SHSs and validated the algorithm by comparing to expert manual analysis. Next, we investigated the general distribution and characteristics of SHSs in patients with BE, the association between pre-ablation SHSs under the BE region and treatment response in BE patients ablated with RFA, and the correlation between pre-ablation subsquamous SHS characteristics with BE length reduction after RFA.
Materials and Methods

Patient Population and VLE Data
We collected VLE data from 35 patients with a history of dysplasia undergoing BE surveillance at the VA Boston Healthcare System (VABHS) from 7/2014 to 11/2016 using a commercial VLE system (NinePoint Medical, Bedford, MA, USA). The demographic and clinical information of the patients are summarized in Table 1 . The study was approved by the institutional review boards at VABHS, Harvard Medical School, and Massachusetts Institute of Technology. Written informed consent was obtained from all patients prior to VLE imaging. A balloon catheter with a 20 mm diameter was introduced across the gastro-esophageal junction (GEJ) under esophagogastroduodenoscopy (EGD) guidance. After a scout OCT scan ensuring an adequate positioning of the balloon catheter, a dense 90 s pullback scan was performed, which acquired 1200 cross-sectional images with a sampling density of 50 µm/image. The axial and lateral resolutions of the system were 7 and 40 µm, respectively. More details of the VLE system can be found in other publications [19] . After VLE imaging, standard endoscopic therapy was performed based on clinical indications from endoscopy. Histology was assessed from biopsies or endoscopic mucosal resections (EMR), but with no registration with VLE. Some patients may have had more than one visit for repeated treatments and therefore multiple VLE data sets were available from different visits. However, only the VLE data during the first visit within the study time frame was used for analysis. It should also be noted that some patients enrolled for this study were not treatment naïve and had already undergone endoscopic therapy (Table 1) . 1 Treatment naïve excludes all endoscopic treatment including radio-frequency ablation (RFA), cryospray ablation (CSA) and endoscopic mucosal resection (EMR). 2 The pathology was obtained from biopsy or EMR specimens taken from patients. The highest pathology was selected from all the available records for a particular patient. Since each patient may have multiple visits for repeated treatments, the time of VLE imaging may not correspond to the time when the highest pathology was diagnosed. STD: standard deviation.
LGD: low-grade dysplasia, HGD: high-grade dysplasia, IMC: intramucosal carcinoma. Figure 1 gives an overview of the algorithm. The VLE data before transform to circular display was collected for analysis ( Figure 1B ). It should be noted that the data here were already Fourier transformed and logarithmically compressed. From the VLE data, the tissue surface was identified using a 3D graph algorithm [20] (Figure 1C ). An initial detection of candidate SHSs was performed using adaptive intensity thresholding and morphological operations by searching for low intensity "voids" ( Figure 1D ). The "voids" were selected based on their local intensity signature: i.e., they had lower intensity than surrounding regions, and included both SHSs and non-SHSs. Non-SHSs are mucus bubbles or other image artifacts that are non-biological. SHSs further consisted of "gland-like" SHSs and lymphatic ducts and vessels. The goal of this step was to detect all possible SHSs and therefore false positives were expected. Then, a machine learning algorithm based on a support vector machine (SVM) classifier [21] was used to classify SHSs vs non-SHSs ( Figure 1E ). The classifier was trained using a variety of features extracted from 1018 manually segmented SHSs in a training data set consisting of 109 images from 6 VLE pullbacks. 85 out of the 109 images were selected from BE regions, whereas the remaining 24 images were from squamous esophagus regions. The labeling and segmentation of SHSs in the training data were performed by an OCT image expert using a custom computer program. For the training data all possible "SHSs" were identified and segmented without attempting to differentiate lymphatic ducts or blood vessels from glands because a widely accepted, validated criterion was unavailable at this point. To build the SVM classifier, features were extracted from each SHS in cross-sectional VLE images, which included intensity, shape (eccentricity and solidity, see Section 2.3 and Figure 2 ), depth and size. Additional features such as the intensity and standard deviation of the surrounding region of each SHS were also added to help differentiate SHSs from surface mucous bubbles. These features effectively removed most of the false positives. The processing steps described above were performed in 2D cross-sectional images (B-scans) without using 3D volumetric information. Although it is difficult even for human experts to differentiate lymphatic ducts and vascular structures from "gland-like" SHSs based on cross-sectional images alone, lymphatic ducts have a much longer longitudinal length extent than "gland-like" SHSs. Therefore, candidate regions longer than a threshold of 0.5 mm (10 images) were automatically classified by the algorithm as lymphatic ducts. The threshold length was pre-determined experimentally with the training data. For simplicity, "gland-like" SHSs are simply referred as SHSs in subsequent text. Currently, the entire algorithm was implemented in MATLAB for rapid development, and was not optimized for high speed processing.
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Appl. Sci. 2018, 8, x FOR PEER REVIEW 4 of 13 using 3D volumetric information. Although it is difficult even for human experts to differentiate lymphatic ducts and vascular structures from "gland-like" SHSs based on cross-sectional images alone, lymphatic ducts have a much longer longitudinal length extent than "gland-like" SHSs. Therefore, candidate regions longer than a threshold of 0.5 mm (10 images) were automatically classified by the algorithm as lymphatic ducts. The threshold length was pre-determined experimentally with the training data. For simplicity, "gland-like" SHSs are simply referred as SHSs in subsequent text. Currently, the entire algorithm was implemented in MATLAB for rapid development, and was not optimized for high speed processing. We validated the SHS detection algorithm using a test dataset of 100 randomly selected images from 10 cases not in the training data. An OCT image expert manually segmented 896 SHSs from the test dataset. True positives (TP), false positives (FP) and false negatives (FN) of SHSs were calculated on a per-SHS basis by comparing the algorithm output to expert manual segmentation in individual cross-sectional images. True negatives (TN) were not informative, because any non-SHS features can be regarded as TN. SHS boundary segmentation accuracy was assessed using the Dice coefficient, defined as the intersection over the union between the automatic and manual segmentation (2 × (Auto ∩ Manual)/(Auto + Manual)), which is in the range of 0-1 ( Figure 2A ).
SHS Quantification
After SHSs were detected, several metrics were quantified automatically. There were two types of metrics: (1) cumulative metrics generated over a longitudinal segment of the esophagus, and (2) intensity, shape and location metrics generated on a per-SHS basis. The three cumulative metrics are:
1. The 2D number: quantified as mean/cross-section 2. Volume: total gland volume within the region of interest 3. The 3D number (Cluster): if the distance between adjacent 2D SHSs is within 2.5 mm circumferentially (this threshold is relatively large to account for motion artifacts) and within 3 images (0.15 mm) longitudinally, these SHSs were considered as one 3D cluster. We validated the SHS detection algorithm using a test dataset of 100 randomly selected images from 10 cases not in the training data. An OCT image expert manually segmented 896 SHSs from the test dataset. True positives (TP), false positives (FP) and false negatives (FN) of SHSs were calculated on a per-SHS basis by comparing the algorithm output to expert manual segmentation in individual cross-sectional images. True negatives (TN) were not informative, because any non-SHS features can be regarded as TN. SHS boundary segmentation accuracy was assessed using the Dice coefficient, defined as the intersection over the union between the automatic and manual segmentation (2 × (Auto ∩ Manual)/(Auto + Manual)), which is in the range of 0-1 ( Figure 2A ).
10. Eccentricity: ratio between the foci of a fitted ellipse to the major axis length with a range of 0-1 where 0 indicates a circle and 1 indicates a line (C) ( Figure 2C ) 11. Extent: ratio of SHS area to its bounding box (C), characterizing irregularity ( Figure 2D ) 12. Solidity: ratio of SHS area to its convex area (C), characterizing irregularity ( Figure 2E) Extent characterizes how well a region fills in its "bounding box", whereas solidity characterizes how convex a region is. 
Applications of the Automated SHS Quantification Algorithm
To demonstrate the utility of the SHS quantification algorithm, we analyzed retrospective VLE data from BE patients to investigate the characteristics of SHSs in BE. For each VLE pullback, the maximum extent of contiguous BE (most proximal location, denoted by M) was identified manually by consensus of two OCT image experts and used as a reference for SHS quantification. Three 
SHS Quantification
The 2D number: quantified as mean/cross-section 2.
Volume: total gland volume within the region of interest 3.
The 3D number (Cluster): if the distance between adjacent 2D SHSs is within 2.5 mm circumferentially (this threshold is relatively large to account for motion artifacts) and within 3 images (0.15 mm) longitudinally, these SHSs were considered as one 3D cluster.
The nine metrics generated on a per-SHS basis were either in Cartesian (C) ( Figure 1A ) or in Polar (P) ( Figure 1B) coordinates, depending on the convenience of computation:
4.
Size: area of each SHS in 2D cross-sectional images (C) 5.
Perimeter: perimeter of each SHS in cross-sectional images (C)
Size and perimeter are related but are not necessarily correlated. An SHS with a concave, irregular shape may have a large perimeter but a small size.
6.
Depth: distance from the centroid of each SHS to the tissue surface (P) 7.
Intensity: intensity of SHS normalized by the mean intensity of the axial lines traversing the SHS to account for intensity fluctuations between different angles, images and pullbacks 8.
Standard deviation (STD): characterizing the intensity heterogeneity (P) 9.
Orientation: absolute angle between the major axis of the SHS and tissue surface (P) after flattening the image to the tissue surface (Figure 2B) 10. Eccentricity: ratio between the foci of a fitted ellipse to the major axis length with a range of 0-1 where 0 indicates a circle and 1 indicates a line (C) ( Figure 2C ) 11. Extent: ratio of SHS area to its bounding box (C), characterizing irregularity ( Figure 2D ) 12. Solidity: ratio of SHS area to its convex area (C), characterizing irregularity ( Figure 2E) Extent characterizes how well a region fills in its "bounding box", whereas solidity characterizes how convex a region is.
Applications of the Automated SHS Quantification Algorithm
To demonstrate the utility of the SHS quantification algorithm, we analyzed retrospective VLE data from BE patients to investigate the characteristics of SHSs in BE. For each VLE pullback, the maximum extent of contiguous BE (most proximal location, denoted by M) was identified manually by consensus of two OCT image experts and used as a reference for SHS quantification. Three different analysis and patient groups were employed for different purposes, detailed in Sections 2.4.1-2.4.3. Subgroup analysis stratified by the highest pathology records (low-grade dysplasia (LGD) vs high-grade dysplasia (HGD) and intramucosal carcinoma (IMC)) was also performed (Table 1, see also Tables  S1-S6 ).
General Distribution and Characteristics of SHS in Patients with BE
The objective of this study was to investigate the general SHS distribution in BE as well as whether SHSs exhibit any location-specific features. Data from all patients who had VLE (n = 35) was analyzed, regardless of their endoscopy treatment and whether they had EGD follow-up. SHS quantification was performed over a 4 cm segment starting from the 1 cm BE region distal to M extending to the squamous epithelium. The SHS characteristics were compared between each 1 cm segment over the 4 cm longitudinal region ( Figure 3A) . LGD) vs high-grade dysplasia (HGD) and intramucosal carcinoma (IMC)) was also performed (Table 1, see  also Tables S1-S6 ).
The objective of this study was to investigate the general SHS distribution in BE as well as whether SHSs exhibit any location-specific features. Data from all patients who had VLE (n = 35) was analyzed, regardless of their endoscopy treatment and whether they had EGD follow-up. SHS quantification was performed over a 4 cm segment starting from the 1 cm BE region distal to M extending to the squamous epithelium. The SHS characteristics were compared between each 1 cm segment over the 4 cm longitudinal region ( Figure 3A) . 
Pre-Ablation BE SHS and RFA Treatment Response
The objective of this study was to investigate whether SHS in the BE region was associated with RFA treatment response. Data from a subset of 21 patients imaged by VLE, treated by RFA on the same visit, and with EGD at follow-up within 1-4 months was analyzed to investigate the association between the pre-ablation BE SHS characteristics and whether the BE region achieved neosquamous epithelium. The mean age of the patients was 71.1 ± 9.7 and all were male. The mean BE length was 
The objective of this study was to investigate whether SHS in the BE region was associated with RFA treatment response. Data from a subset of 21 patients imaged by VLE, treated by RFA on the same visit, and with EGD at follow-up within 1-4 months was analyzed to investigate the association between the pre-ablation BE SHS characteristics and whether the BE region achieved neosquamous epithelium. The mean age of the patients was 71.1 ± 9.7 and all were male. The mean BE length was 2.1 ± 2.3 cm.
We defined the 1 cm segment region distal to M as the BE region of interest (ROI BE ) to perform SHS quantification ( Figure 3B ). Note that the ROI BE may not be entirely BE if M was not coincident with the most proximal circumferential extent of BE. The SHS characteristics quantified over this region were compared between patients whose ROI BE had neosquamous epithelium (neo-SE) versus remaining BE at follow-up EGD. Here, the ROI BE was required to be completely squamous epithelium to be counted as neo-SE on follow-up ( Figure 3B) . Therefore, the RFA treatment response here was specifically related to the post-ablation response of the 1 cm segment ROI BE , rather than the standard definition of CRIM.
Pre-Ablation Subsquamous SHS Characteristics and RFA Treatment Response
The objective of this study was to investigate the association between pre-ablation squamous SHS and treatment response. Similar to the previous study, we included the same cohort of patients (n = 21). However, SHS quantification was performed within the 2 cm segment proximal to M (denoted by ROI SE , Figure 3C ). The SHS characteristics were correlated to the reduction of maximum BE length (change of M in EGD) after RFA treatment. To account for the differences in baseline BE lengths between different patients, we normalized the change of BE length by the initial BE length at the first study visit. To understand the effect of age on the treatment response, we divided the patients into ≤70 (n = 10) and >70 years old (n = 11) and analyzed the correlations separately.
Statistical Analysis
Quantitative metrics were presented as mean ± standard deviation (STD). Comparison between two groups was performed using either independent sample t-test (for normal distribution) or Mann-Whitney U Test (skewed distribution). Comparison among more than two groups was performed using Analysis of Variance (ANOVA). Correlation between quantitative metrics and treatment response was assessed using either Pearson's product-moment correlation (for normal distribution), or Spearman's rank-order correlation (skewed distribution or presence of outliers). A p-value < 0.05 was considered significant. All analyses were conducted in SPSS (version 18, IBM, Armonk, NY, USA).
Results
Performance of the Algorithm
Compared to expert manually segmented SHSs (n = 896) in 100 images from 10 cases (10 images/case), the algorithm achieved a sensitivity (TP/(TP + FN)) of 82.6%, and a positive predictive value (PPV) (TP/(TP + FP)) of 86.7% on a per-SHS basis. For correctly detected SHSs, the boundary segmentation accuracy was 90% ± 3%. The computation time of the algorithm was 3.9 s/image, tested on a 64-bit computer with a 3.2 GHz intel i7 CPU.
Visualization of SHS
The automatically detected SHSs can be visualized in 2D and 3D. Figure 4 illustrates an example where the SHSs were segmented and labeled by the algorithm in both BE and squamous regions. In the 
SHS in the BE Region and RFA Treatment Response
Comparison of SHS Characteristics over the Longitudinal Segments in BE
SHSs in the BE region (Segment 1) were significantly shallower, more vertical, less eccentric, and more regular compared with those in the squamous region (Segments 2-4, Table 2 ). Subgroup analysis further revealed that this is the case for LGD patients, but not for HGD/IMC patients (Tables S1 and S2) . The number or volume of SHSs in each 1 cm longitudinal segment, from the 1 cm BE region distal to M up to squamous epithelium, were not significantly different. Most SHS parameters in each segment were not significantly different between LGD and HGD/IMC groups (Table S3) . Table 3 summarizes the comparison of the SHSs in RFA ablated BE between SHSs in patients with neo-SE and BE at follow-up. For each quantitative metric, we analyzed the mean of all SHSs as well as the maximum or minimum values of individual images, namely the maximum size and depth, highest intensity and STD, maximum orientation and eccentricity, and minimum extent and solidity. Patients having BE with shallower SHSs were more likely to achieve neo-SE on follow up post-ablation (neo-SE mean value: 0.83 ± 0.13 mm vs. BE mean value: 0.96 ± 0.14 mm, p = 0.041). Noticeably, the depth difference for the treatment response was mainly driven by the HGD/IMC patients (neo-SE: 0.84 ± 0.11 mm, BE: 1.02 ± 0.13 mm, p = 0.050, Table S5 ) rather than LGD patients (neo-SE: 0.82 ± 0.17 mm, BE: 0.90 ± 0.14 mm, p = 0.441, Table S4 ). Table 3 also shows that the pre-ablation SHS solidity (regularity) in the BE region may be a predictor of post-ablation neo-SE (neo-SE: 0.90 ± 0.01, BE: 0.89 ± 0.01, p = 0.053) although it did not achieve statistical significance in this study. Pre-ablation SHSs parameters were not significantly different between patients of different age groups (data not shown). Subsquamous SHSs with higher eccentricity is strongly correlated with larger reduction of post-ablation BE length for less elderly patients (≤70 years old, R = −0.884, p = 0.001, Table 4 ), but not for elderly patients (>70 years old, R = 0.355, p = 0.284) ( Table 4 ). More vertical and more regular subsquamous SHSs corresponded to less reduction of post-ablation BE length for less elderly patients. Subgroup analysis stratified by pathology revealed that SHSs in the squamous region correlate differently with post-RFA response in different patient groups. SHSs eccentricity is strongly correlated with larger reduction of post-ablation BE length for LGD patients (R = −0.829, p = 0.003, Table S6 ), but with less reduction of post-ablation BE length for HGD/IMC patients (R = 0.685, p = 0.029) (Table S6 ). Less vertical, higher intensity and STD subsquamous SHSs corresponded to less reduction of post-ablation BE length for HGD/IMC patients, but not for LGD patients (Table S6) . Smaller perimeter subsquamous SHSs was correlated with less reduction of post-ablation BE length for LGD patients, but not for HGD/IMC patients (Table S6 ).
Discussion
This is the first report of a fully automated algorithm for SHS detection and quantification in OCT images acquired using the commercially available VLE instrument, without requiring any pre-selection of regions of interests or manual input. This is also the first study to apply automated algorithms to investigate the general distribution and characteristics of SHSs in Barrett's esophagus and the association of SHSs with RFA treatment response. The algorithm can be readily applied to any existing VLE images to extract quantitative information from large amounts of data, which is impractical with manual analysis. With further speed optimization, it could also be applied for real-time analysis to provide clinical information during endoscopic procedures. The SHS quantification algorithm can also be used as an input for other computer-aided algorithms. For example, the features of SHS can be combined with other clinical features for dysplastic BE classification [18] .
The conventional way to analyze SHSs is to assess their presence [9, 22] or to manually count their number [10] , which is time-intensive, and cannot comprehensively characterize SHSs. The algorithm developed in this study not only automates the above tasks, but augments the capability to assess additional features such as the SHS intensity, depth and shape information, which may also be clinically important. As shown in this study, we found that the depth and solidity of SHSs in the BE region were more significant indicators of post-RFA treatment response than the number. It is likely that thicker BE is harder to eradicate completely [23] , and conceivable that higher SHS irregularity is associated with more advanced stage of BE. These subsurface features cannot be visualized or analyzed using conventional white light endoscopy. Barrett's glands have been described to evolve from columnar-lined mucosa without goblet cells, to glands showing intestinal gene expression and to specialized metaplastic glands [24] . More glandular distortions such as branched or cribriform glands may have more malignant potential. The proposed algorithm can be useful to track the changes of gland characteristics and identify the early markers for metaplasia and dysplasia.
We found that the eccentricity of pre-ablation SHSs in the squamous region was strongly correlated with the reduction of BE length at follow-up (Table 4) , but only for less elderly patients. This suggests that age might be an important factor that could affect the RFA treatment response. It also suggests that squamous and BE SHSs may play different roles in RFA-treated BE. One obvious difference is that BE SHSs were directly ablated during the treatment, while the squamous SHSs were not. It should be noted that in this study, the SHSs may result from previous ablations for those previously treated patients. Further studies with larger enrollment and treatment naive patients are needed to confirm the roles of squamous SHSs [25, 26] .
We also found that SHSs in the BE region were significantly shallower, more vertical, less eccentric and more regular compared to subsquamous SHSs (Table 2 ). This is likely the case because BE glands are usually found in the epithelium, but subsquamous glands are often below the epithelium. Another possible explanation is that OCT light penetration to deeper structures was more limited in the BE region compared with the squamous region. The high irregularity of SHSs in the squamous region may be associated with previous ablation treatments.
There were considerable differences for the roles of SHSs between LGD and HGD/IMC patients. For example, as shown, BE with shallower SHSs were more likely to achieve neo-SE for HGD/IMC patients. The correlations of several subsquamous SHS characteristics and the reduction of BE length were also different between HGD/IMC and LGD patients. However, the results here should be interpreted with caution because the highest pathology diagnosis may not necessarily correspond to the time of VLE imaging.
Swager et al. [11] reported that most of the SHSs in VLE are normal histological features. In this study, we applied a criterion to differentiate normal lymphatic ducts from glands based on their longitudinal axis length. Although empirical, this was effective in excluding most of the normal lymphatic ducts from glands from unwanted analysis. However, it may be difficult to differentiate between glands and vessels in VLE due to their similar intensity. Newly developed functional imaging methods such as OCT angiography can be applied to identify depth-resolved vasculature [27, 28] . Moreover, we could not exclude the possibility that there might be other normal features that were detected as "gland-like" structures by the algorithm. Nevertheless, the algorithm can be used with laser marking technology [29, 30] to further validate the nature of SHSs found in VLE with histopathology of co-registered excisional biopsies.
There are several limitations in this study. First, the sample size is relatively small. Second, most of the patients enrolled in this study were not treatment naïve and had relatively short segment BE. Third, the SHSs detected by the algorithm were not validated against histopathology, and the correlation between SHS findings and dysplasia cannot be established. Fourth, the study is retrospective. Lastly, VLE data has motion artifacts such as non-uniform rotational distortion (NURD). Several post-processing algorithms [31] [32] [33] for correcting NURD have been proposed, but methods for high accuracy and full automation are still needed. Therefore, the quantitative shape descriptor results should be interpreted as an estimate of the actual SHS morphology.
Conclusions
We developed a computer algorithm which enabled fully automated analysis of SHS number, size, cluster and shape. SHSs in the BE region were significantly shallower, more vertical, less eccentric, and more regular compared with SHS in the squamous region. BE with shallower, more regular subsurface SHS was more likely to achieve neosquamous epithelium after RFA. More eccentric pre-ablation SHSs in the squamous region were strongly correlated with higher reduction of post-ablation BE length for less elderly patients. Table S4 : Comparison of pre-RFA BE SHS between patients who did and did not have RFA treatment response on follow up for LGD patients., Table S5 : Comparison of pre-RFA BE SHS between patients who did and did not have RFA treatment response on follow up for HGD/IMC patients, Table S6 : Correlation between pre-ablation squamous SHS metrics and the relative change of maximum BE length after RFA in different pathology groups. 
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